I Introduction
We investigate the exposures of individual stocks to global, country-and industry-specific shocks. The methodological contribution of this paper is to estimate a latent factor model that allows for stock-specific exposures to these shocks for a large panel of international stock returns. Allowing for stock-specific exposures has intuitive appeal. After all, it seems plausible that multinationals have higher exposures to global shocks, for example, than firms that operate only domestically. Allowing for stock-specific exposures has practical appeal as well.
The exposures represent a stock-selection device that is potentially useful for international diversification. If -as has been documented by Heston and Rouwenhorst (1994) and Griffin and Karolyi (1998) among others -country-specific shocks are on average the most important source of international return variation, why not construct portfolios consisting of stocks with low country shock exposures in the first place? To the extent that country exposures differ significantly from stock to stock, these portfolios may deliver substantial reductions in volatility relative to the global benchmark.
Building on Heston and Rouwenhorst (1994) , our model decomposes stock returns into (i) a global factor common to all stocks; (ii) country-specific factors that capture common variation within countries; (iii) industry-specific factors that capture common variation within industries; and (iv) idiosyncratic variation in each stock. As in the latent factor model literature (see Cho et al. 1986 and Heston et al. 1995) , our factors are unobserved. However, borrowing from the identified vector autoregression (VAR) literature (see Sims 1986 and Bernanke 1986 ) in macroeconomics, we identify our factors as global, country-and industry-specific by imposing restrictions on the factor exposures of individual stocks, called exposures below. For example, we identify the U.S. country factor by assuming that only U.S. stocks have non-zero exposures to that factor. In other words, we sort stocks into groups according to observable characteristics (country and industry affiliation) and identify a given factor by assuming that it affects only stocks in that group. Conceptually, our identifying assumption, which groups stocks according to observed characteristics, is similar to that in Heston and Rouwenhorst (1994) who create portfolios of stocks based on their country and industry affiliations. We depart from their approach in that we estimate the degree to which stocks belong to their assigned portfolios.
Our shock exposures capture both observed and unobserved firm-level characteristics that determine the true exposure to a factor. We estimate our model for 1,965 stocks from 21 countries in the period January 1985 to February 2002, and for a larger sample of 3939 stocks in 33 countries from January 1990 to February 2002. Our results can be summarized as follows. First, we document that dispersion in exposures to global, country and industry shocks is economically and statistically significant.
Second, we show that shock exposures relate to observed firm-level characteristics, such as the degree to which companies operate internationally and their size. We find however that observables explain only a small fraction of the cross-section of the exposures, suggesting that the shock exposures capture more information than that captured by our list of firmlevel variables. Third and most importantly, we show that a portfolio consisting of stocks with low exposure to country shocks delivers substantial variance reduction relative to the global market portfolio, both in-and out-of-sample. Countries in this portfolio are present in the same proportion as in the global market portfolio, so that variance reduction results not from a particular country tilt, but purely from lower exposure to country-specific shocks.
We construct similar low country exposure portfolios for individual countries and show that in virtually all cases these low exposure portfolios are less volatile than the respective country benchmark, again both in-and out-of-sample.
The remainder of the paper is organized as follows. Sections II and III describe the model and the data, respectively. Section IV contains the results. Section V concludes.
II The model
This section describes our model. Let us denote by R nt the excess return over a riskless benchmark on stock n in period t, where n ranges from 1 to N and t from 1 to T . Let us index countries with the letter c (c = 1, .., C) and industries with the letter i (i = 1, .., I). The model can then be written as:
where µ n represents the expected excess return on stock n, f g t , f c t and f i t represent the global market factor, the country factor c, the industry factor i, and nt represents the idiosyncratic shock to the return of stock n, all in period t. The factors are unobservable random variables,
i.e. latent factors. In order to identify the factors as global, country, and industry shocks we impose the following set of zero restrictions on the exposures (βs): 
As Chan et al. (1998) argue, latent factor model have the disadvantage that it is difficult to give economic interpretation to purely statistical factors. Our model attempts to address this deficiency via the identifying restrictions.
Model (1) can be written in stacked form as:
where µ denotes the N × 1 vector of mean returns, and f t the K × 1 vector of factors (K is the total number of factors), B is a N × K matrix of βs, and t the N × 1 vector of idiosyncratic shocks. Without restrictions (2), model (3) is not identified: if we replace B with BΩ and f t
with Ω f t , where Ω is an orthonormal matrix, the likelihood is unchanged. However, in our model the zero restrictions (2) on B are enough to pin down the rotation matrix Ω: only if Ω is equal to the identity matrix, will BΩ have the same zero restrictions as B.
With Ω pinned down, the factors are "identified."
We estimate model (1) via maximum likelihood and make the following distributional assumptions:
where I is a K × K identity matrix, and:
where Σ is diagonal (idiosyncratic shocks are cross-sectionally uncorrelated) with elements σ 2 n .
In expression (4), the assumption that the factors have unitary variance is purely a normalization assumption. However, the assumption that the factors are uncorrelated is not without loss of generality here, given that the rotation matrix Ω has already been pinned down by the zero restrictions (2). We discuss this issue later in greater detail.
The use of zero restrictions implies that we cannot use standard packages to obtain the maximum likelihood estimates. The restrictions also imply that other methods for estimating APT models (Connor and Korajczyk (1986) ) are not immediately applicable. A value-added of this paper is that we provide a method for estimating model (1) via maximum likelihood for large cross-sections, using the EM algorithm. 1 The first step of the EM algorithm follows the intuition that if the factors were observable the exposures could be estimated by means of OLS -equation by equation (see also Marsh and Pfleiderer, 1997) . In the next step, an estimate of the factors is obtained by taking their conditional expectation given the data and the parameters from the previous step. Specifically, at each step q of the algorithm, the estimate of the non-zero loadings for stock n are given by the formula:
where the matrix M n simply selects the factors that are relevant for stock n (i.e., the appropriate country and industry factor). Details on the derivation of expression 6 and of the 
one can assess whether the orthogonality assumption is borne out by the data or not.
III The data
Our data are based on Brooks and Del Negro (forthcoming) who collect monthly U.S. dollardenominated returns for 9,679 stocks in 42 countries from January 1985 to February 2002 from Datastream International. They show that the sample provides a good depiction of the global stock market, both in terms of coverage within and across countries and in terms of overall coverage, which comes close to matching the market capitalization of the known universe of
We modify this data in two ways. First, we balance the data because our maximum likelihood algorithm does not allow for missing observations. Since this step may result in survivorship bias and reduce coverage, we do this at two points in time, to ensure that our results are robust to this step. One balanced sample consists of stocks with continuous returns for the entire sample. It contains 1,965 stocks in 21 countries. Another begins in January 1990
and contains stocks with continuous returns for the rest of the sample. It covers 3,939 stocks in 33 countries. Second, we follow common practice in the literature, see Ferson and Harvey (1994) and Heston et al. (1995) , and estimate our model for excess returns. We compute these as the difference between individual stock returns and the return on a three month U.S.
Treasury Bill, which we obtain from Datastream International. Although both samples cover fewer stocks than the original data, Table B -1 in the appendix shows that they are comparable in terms of the means and standard deviations of the equal-weighted excess return across all stocks. In particular, there is little indication of a systematic bias in the standard deviation of excess returns, which is important because we focus on return variability and comovement.
To identify country and industry shocks, we use the country and industry affiliations for each stock from Datastream International. With regard to industry affiliation, Datastream has six levels of disaggregation. At each level, there are more disaggregated industry definitions, up to the most disaggregated classification, level 6. We use the most disaggregated level in our benchmark estimation. 3 To estimate the country and industry shocks in a meaningful way, our balanced data must provide a reasonable representation of international stock markets, both in terms of country and industry coverage. The data appendix reviews this coverage and shows that it is representative. 4
IV Results
To our knowledge, this is the first paper that studies firm-level exposures to global, country, and industry shocks. Since firms differ in the degree to which they operate across countries and industries, it seems a priori plausible that such differences be reflected in their exposures to common shocks. The next section investigates whether firm-level heterogeneity in the exposures is statistically and economically significant. Section IV-B will show how the exposures relate to observable firm-level information, such as size, book-to-market, and the degree to which firms operate internationally. In section IV-C we show that these exposures represent valuable information for bottom-up international diversification strategies: knowledge of the exposures makes it possible to construct global and country portfolios that are less volatile than their respective benchmarks, both in-and out-of-sample. Finally, section IV-D documents that our model reproduces well-known findings in terms of variance decomposition for international stock returns, and considers some robustness checks.
IV-A Firm-Level Heterogeneity in the Exposures to Global, Country, and
Industry Shocks
We first test whether allowing for stock-specific exposures to global, country-and industryspecific shocks helps significantly in explaining comovement in international stock returns. We implement this test by estimating a restricted version of our model, in which all stocks within a country (industry) are restricted to have the same exposure to that country (industry) shock.
In addition, we impose the restriction that all stocks (across countries and industries) have the same exposure to the global shock. By testing the restricted versus the unrestricted model we learn whether stock-level heterogeneity in shock exposures is statistically important, i.e., whether the benefit in terms of fit outweighs the cost of estimating additional parameters. 5
We compare the goodness of fit across the restricted and unconstrained models using both the likelihood ratio statistic and the Bayesian Information Criterion (BIC), which we compute following Kass and Raftery (1995) :
where L is the log-likelihood at the peak. 6
The value of the likelihood ratio statistic, equal to twice the difference between the loglikelihood values at the peak for the unrestricted and the restricted models, is equal to 38475.8 and 59394.8 for the 1985-2002 and 1990-2002 samples, respectively. The degrees of freedom are 5768 and 11677, respectively. In both samples, the difference in likelihoods is large enough that the restricted model is soundly rejected, with the p-value essentially zero. We reach the same conclusions using the more conservative BIC. In summary, we find strong statistical evidence in favor of the unrestricted model.
We now investigate whether the differences across stocks in their exposures to global, country-and industry-specific shocks are economically large. Table 1 describes the distribution of global, country, and industry exposures within each portfolio (global, country and industry).
The first column shows the number of stocks in each portfolio. The second column shows the mean exposures, while the third shows their standard deviations. The mean exposure to global and industry shocks amounts to 2 percent, while it measures 6 percent on average across countries. This result points to the fact that country shocks are the dominant source of variation for international stock returns -a result that we will revisit in section IV-D.
The standard deviation of the exposures measures the degree of firm-level heterogeneity. The standard deviations of exposures to global and industry shocks are about 2 percent, compared with 1.5 percent on average for country exposures. However, these standard deviations may be biased upward, because the factor exposures are estimated with error. To address this question, we decompose the dispersion of the exposures into that associated with estimation error and that associated with variation in the underlying "true" betas. The expected value of the standard deviation of estimated exposures for a portfolio of N stocks is equal to:
whereβ and β are the estimated and true exposure, respectively, and η is the sampling error.
Expression 9 shows that the estimated standard deviation is equal to the true standard devia-tion plus a bias term. Using the asymptotic (normal) distribution of our maximum likelihood estimator, we can compute this bias and correct for it, which we do in the fourth column of Table 1 . This column shows that stock-level heterogeneity in the exposures persists after the bias-correction: heterogeneity in our shock exposures is not simply a result of sampling error.
To investigate whether the dispersion of shock exposures is economically large, we divide the global, country and industry portfolios into high and low exposure portfolios. A high country (global, industry) exposure portfolio, for example, is a portfolio with stocks whose exposure to that country (global, industry) shock is higher than the mean exposure. Low country (global, industry) exposure portfolios are portfolios whose stocks have exposures to country (global, industry) shocks below their respective means. We then contrast the differences in exposure of high and low exposure portfolios to the respective factor. Assuming that the distributions of the betas is normal -the skewness and kurtosis numbers in columns (7) and (8) show that this is approximately the case -this difference equals:
where ϕ indicate the Normal distribution with mean µ and standard deviation σ. The results of this exercise are reported in columns (5) and (6), using the actual and bias-corrected standard deviations, respectively. After the bias-correction, this difference is 1.4, 1, and 1.3 percent on average for global, country, and industry portfolios. This implies, for instance, that a high country exposure portfolio will have an exposure to country shocks that is one percent higher -after bias-correction -than the exposure of a low-beta-portfolio (on average across countries).
In summary, we have found that differences across individual stocks in their exposures to global, country-and industry-specific shocks are both statistically significant and economically relevant.
IV-B What Are Stock-Specific Exposures Capturing?
We have shown that stock-specific exposures to global, country-and industry-specific shocks are empirically and economically important. We now investigate what these exposures are capturing, by relating them to observable characteristics that measure (i) the extent to which firms operate across countries; (ii) their size; (iii) their book-to-market ratio; and (iv) the presence of financial constraints.
To measure the extent to which firms operate across countries, we use two variables. First, we construct a dummy variable for traded versus non-traded goods firms using the classification in Griffin and Karolyi (1998) . This classification uses industrial affiliation as opposed to firm-specific information. To address this deficiency, we construct an additional variable that measures the average importance of foreign sales for each company over our sample. To this end, we download annual firm-level data from Worldscope on the percentage of foreign sales and make sample averages.
Separately, we download annual data from Worldscope for year-end market capitalizations and the book-to-market ratio for each firm and construct sample averages for these variables.
To measure financial constraints, we follow Lamont et al. (2001) and Kaplan and Zingales (1997) and use the following five variables: cash flow to total capital ratio, Tobin's Q, debt to total capital ratio, dividends to total capital ratio, and cash holdings to capital ratio. We download annual data for each variable from Worldscope and construct sample averages of the KZ index for each stock. Table 2 the KZ index, which is based on regression results for the U.S., we adopt the more general specification of including each of the constituent variables separately. We omit Q from the list of KZ constituent variables because the book-to-market ratio enters our regression separately.
Because Table 1 and work by Ferson and Harvey (1998) suggest that there are substantial differences across countries in mean shock exposures, we also include country dummies in our regressions. We report t-ratios in parentheses, which we compute using robust standard errors (White 1980) , the associated adjusted R 2 , and the number of observations in each regression.
Panel A shows that global shock exposures are positively and significantly related to measures of international activity. For traded goods companies, exposure to the global shock is on average 0.62 percent per month higher than for non-traded goods firms. Separately, a company raising its foreign sales ratio by 10 percentage points raises its exposure to the global shock by 2 percentage points per month. 7 Among the other explanatory variables, exposure to global shocks is negatively and significantly related to size. Since we take the natural log of market capitalization, the size coefficient is readily interpretable: if market capitalization doubles in size, the exposure to the global shock falls by 0.21 percent per month. This negative relation could be an indication that large firms are less risky, ceteris paribus. Meanwhile, there is little evidence of a systematic link between the book-to-market ratio and the KZ index constituents, with the exception of the cash flow to total capital ratio and the dividends to total capital ratio. Global shock exposures are significantly positively related to the former, while they are significantly negative related to the latter. Since these variables have opposite signs, there is little indication that global shock exposures are systematically related to financial constraints.
Panel B shows that there is little evidence that country shock exposures are systematically related to measures of international activity. The traded goods dummy has a positive coefficient, while the foreign sales ratio has a negative coefficient that is borderline significant. Instead, country exposures are significantly negatively related to size, while they are positively and significantly related to book-to-market ratio. In this dimension, our results parallel Avramov and Chordia (2001) who find that comovement among U.S. stocks is negatively associated with size but positively associated with the book-to-market ratio. Among the KZ constituents, there is evidence that country exposures are increasing with leverage (the debt to capital ratio has a significant positive coefficient) and declining with liquidity (the cash to capital ratio has a significant negative coefficient), suggesting that more financially constrained companies are more exposed to these shocks. However, the coefficient on cash flow to total capital ratio is significant and goes in the opposite direction, which suggests that the link between country exposures and measures of liquidity should be interpreted with caution.
Panel C shows that there is little systematic association between industry shock exposures and observables. The one robust pattern that stands out is that industry shock exposures are positively and significantly associated with firm size, consistent with Chan et al. (1999) who for U.S. data find that correlations across stocks within industries are higher among large firms.
Overall, we find that (i) global shock exposures are positively associated with measures of international activity and negatively related to size; (ii) country shock exposures are negatively related to size, positively related to the book-to-market ratio, and increasing in leverage; and (iii) industry shock exposures are positively associated with size. However, it is important to note that the observable characteristics fail by a substantial margin to explain these exposures:
the adjusted R 2 of the regressions in panels A, B, and C measure only 27, 57 and 15 percent respectively, and about half of the explanatory power is due to country fixed effects. This suggests that the shock exposures contain information that is not readily available: there is substantial heterogeneity in the exposures which cannot be explained with observable characteristics. To put it differently, it is not the case that the low (high) country exposure portfolios described in the previous section are simply portfolios containing large (small) firms, or firms that are not (are) financially constrained. Indeed, if we divide firms within each country into large and small firms (firms with market cap higher-or lower-than the median), we find that on average low and high country exposure portfolios contain the same proportion of large and small firms. The same finding roughly applies to the other observables as well.
We have shown that there is heterogeneity across stocks in their exposures to common shocks, which in part reflects differences in observed characteristics of the underlying companies. We now explore whether we can use these exposures for risk reduction strategies. We do this by constructing bottom-up low exposure portfolios with respect to global, country and industryspecific shocks. We then examine how effective these portfolios are relative to their respective benchmark in terms of volatility and returns, both in-and out-of-sample.
We construct low exposure portfolios in the following way. With respect to the global shock, we construct an equal-weighted portfolio of stocks with global shock exposures below the median, which we call the low global exposure (LGE) portfolio. By construction this portfolio contains half the stocks in our sample. With respect to country shocks, within each country we determine which stocks have country exposures above and below their respective country median. We form a global low country exposure (LCE) portfolio that equal-weights across countries all stocks that have shock exposures below the country median. This is a global portfolio consisting of half the stocks from each country. We compare the performance of the
LGE and global LCE portfolios to that of the equal-weighted global portfolio. Furthermore, we construct country portfolios that include all stocks within a given country with country exposures below the respective country median, which we call local low country exposure (LCE) portfolios. We compare the performance of these portfolios to the respective equal-weighted country portfolio. With respect to industry-specific shocks, we follow the same procedure and form global and local low industry exposure (LIE) portfolios. For reasons of symmetry, we also construct the respective high exposure portfolios at the global, country and industry levels -the HGE, the global and local HCE portfolios, and the global and local HIE portfolios.
Our global LCE and LIE portfolios share an important characteristic: in each we impose that countries and industries be present in the same proportion, respectively, as in the overall sample. With respect to the global LCE portfolio, this means that risk reduction relative to the global market is not the result of a particular country tilt, but reflects the incremental gain from picking stocks with low country exposures. The same holds with respect to the global LIE portfolio. This is of course not true for our LGE portfolio. Here, country and industry composition depend entirely on the distribution of the global shock exposures.
Based on shock exposure estimates for the 1985 to 2002 sample, Table 3 The first three rows of Table 3 compare the volatility of the global market to that of the LGE and HGE portfolios (row 1), the global LCE and HCE portfolios (row 2), and the global LIE and HIE portfolios (row 3). The Table shows that in-sample the global LCE portfolio performs best in terms of risk reduction: its variance is 27 percent below that of the global market portfolio.
Next in line is the LGE portfolio, whose variance is 17 percent below that of the global market, while no risk reduction is associated with the global LIE portfolio. Why is it that the global LCE portfolio does best in terms of risk reduction? Section IV-A sheds some light on this:
the means of country shock exposures are higher than those for the global or industry shocks.
This means that country-specific shocks are more important drivers of international return variation than global or industry shocks, a result we will confirm in the next section using variance decompositions. Taken together with the fact that there is substantial heterogeneity in country shock exposures, as demonstrated in Section IV-A, the global LCE portfolio is best positioned to reduce volatility relative to the global market portfolio. Importantly, these results carry over to out-of-sample. Relative to the market during the period from March 2000
to February 2002, the global LCE portfolio yields a reduction in volatility of 31 percent, while the LGE portfolio delivers a reduction in volatility of 26 percent. Again, no risk reduction is associated with the global LIE portfolio.
The remaining rows of Table 3 compare the volatility of our low and high exposure portfolios with that of the respective country or industry benchmarks. For countries, we show the volatilities of the local LCE and HCE portfolios for each country, as well as the equal-weighted average across countries. For industries, we only show the equal-weighted average across industries to save space. We have seen that at the global level our LCE portfolio deliver risk reduction relative to the global market. Do this result carry over to the country level? The answer is yes, both in-and out-of-sample: our local LCE portfolios have lower variance than the respective country benchmarks. Only for a handful of countries for which we have very few stocks in our sample (like South Africa) this is not the case. On average across countries, local LCE portfolios deliver an in-sample reduction in volatility of 26 percent relative to the country portfolio, while high exposure portfolios boost volatility by 43 percent. Out-of-sample, there is a 25 percent reduction in volatility associated with local LCE portfolios on average. Again, note that this finding is due to the heterogeneity in exposures: under the null that all stocks have the same "true" country exposure, we would simply be randomly picking half the stocks in each country. It would be quite surprising to find that both in-and out-of-sample (almost) all of these portfolios have lower variance than their respective benchmark. Finally, the last row in Table 3 confirms that there is little if any systematic risk reduction associated with the local LIE portfolios.
We next examine the robustness of our risk reduction result over different sub-periods. Table 4 shows the variance reduction relative to the global market portfolio of the LGE portfolio (column 1), the global LCE portfolio (column 2) and the global LIE portfolio (column 3) for eight two-year sub-periods, working backward from the end of the sample. This exercise shows that the global LCE portfolio is the most robust in terms of risk reduction. For all sub-samples the variance of this portfolio is less than that of the global market, though the gains range from 37 to 15 percent. Not so for the LGE portfolio where much of the risk reduction appears to be driven by the later part of the sample. Figure 1 examines the risk reduction properties of our low exposure portfolios using the graphical representation in Heston and Rouwenhorst (1994) and Solnik (1975) . is more promising for risk reduction than diversifying across industries (within a country).
The value added of this paper is represented by the dashed lines -lines (1), (2), and (4).
Line (4) shows that risk reduction for the local LCE portfolios (on average across countries) is 25 percent. This shows that one does not need to diversify internationally to achieve higher risk reduction than that delivered by the average country portfolio. Just by selecting stocks with low country exposure one obtains roughly the same level of volatility. Lines (1) and (2) show that the LGE and global LCE portfolios have a lower variance than the global benchmark, consistently with Table 3 . A bottom-up strategy that picks stocks according to their country or global exposures beats the global benchmark in terms of risk reduction. Of course, for this to be the case the exposures need to be estimated quite precisely. Using the shorter sample (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) we find that all the above results hold, except for the out-of-sample performance of the LGE portfolio. This is perhaps because global exposures, which are harder to estimate than country exposures (due to the lower variability of global relative to country shocks), are imprecisely estimated in the shorter sample. The global and local LCE portfolios however still outperform their respective benchmarks for the 1990-2002 sample, both in-and out-of-sample.
We have shown that global and local LCE portfolios and the LGE portfolio successfully achieve risk reduction relative to the global market portfolio. But does this risk reduction come at the cost of lower expected returns? In other words, is there no difference in riskadjusted terms between holding low exposure portfolios and holding the market? Table 5 examines this question. The rows of Table 5 correspond to those in Table 3 . Column (1) and (2) show the in-sample mean monthly return in percent for the benchmark (B) and for the corresponding low exposure portfolio (L), while the number in parentheses in column (3) shows the difference between the two (L-B). Columns (4) and (5) the HGE, global HCE, and global HIE all do worse than the market. The in-sample Sharpe ratios of these portfolios are 2, 3, and 0 basis points per month over the global market. On a risk-adjusted basis, the LGE and global LCE portfolios thus outperform the market. Outof-sample the low global and country exposure portfolios do better than the market, to the tune of 64 and 10 basis points per month. This is noteworthy given that the out-of-sample period spans the bursting of the tech-bubble and is thus a challenging period during which to examine out-of-sample behavior of our low exposure portfolios. This is evidence that our bottom-up approach to construct international portfolios provides diversification gains, even on a risk-adjusted basis.
IV-D Variance Decomposition Results and Robustness Tests
Are country-or industry-specific shocks more important in explaining the behavior of national stock markets? Heston and Rouwenhorst (1994) and Griffin and Karolyi (1998) among others conclude that country shocks are much more important, using cross-sectional regressions of international returns on country and industry dummies. We use our methodology to re-examine this result. Although we allow for firm-specific exposures to the different shocks, the impact of country shocks on a country portfolio, for example, depends on the average country exposure, which should roughly correspond to the standard deviation of the country shock in the Heston and Rouwenhorst model. Hence we expect to find a similar answer for the variance decomposition as in the existing literature. However, in contrast to the existing literature, we control for global shocks in addition to country-and industry-specific shocks. Does this throw off the balance between country-and industry-specific shocks? Finally, the literature focuses on the relative importance of country versus industry shocks in country and industry portfolios. We ask how important these shocks are for the average stock and for the global market portfolio.
Based on the 1985 to 2002 sample, the first row in Table 6 reports the average variance decomposition across country portfolios, while the second row shows the average variance decomposition across industry portfolios. The first column gives the actual variance in percent per month squared of the average country and industry portfolios. The second column gives the percentage of that variance explained by the global shock, the third column gives the percentage due to country-specific shocks, while the fourth column gives the percentage associated with industry-specific shocks. On average, we find that country shocks explain 81 percent of variation in our country portfolios, while industry shocks explain barely one percent. Mean-while, we find that country shocks explain 32 percent of the volatility for the average industry portfolio, while industry shocks explain only 11 percent. In short, we replicate the result in the literature: country shocks are much more important than industry shocks for international returns. That said, Heston and Rouwenhorst (1994) and Griffin and Karolyi (1998) find that country shocks explain virtually all of the variation in national stock markets. Our number is lower because model (1) includes a global shock, which explains close to 12 percent of the variation in the average country portfolio. In summary, we replicate the existing result, with the caveat that accounting for global shocks reduces the importance of country shocks in national stock markets somewhat.
The third row in Table 6 gives the variance decomposition for the average across individual stocks. Country shocks account for 32 percent at this level, followed by industry shocks at 7 percent and global shocks at 6 percent. The fourth row in Table 6 gives the variance decomposition for the global market portfolio. Here country shocks are still the most important source of variation, at 28 percent, followed by 21 percent for the global shock.
In Table 6 we show the results for the ex-ante variance decomposition, that is, assuming that the factors are orthogonal. As discussed in section II, ex-post the factors may not turn out to be orthogonal. Table 7 Our decision to focus on global, country-and industry-specific shocks is based on Heston and Rouwenhorst (1994) and Griffin and Karolyi (1998) . We now test the robustness of our results with respect to other sources of common variation. We augment our model with: (i) an additional global factor-orthogonal to the first one-which may capture different kinds of global shocks, e.g. oil versus interest rate shocks; (ii) an emerging markets factor, to allow for comovement associated with emerging markets; (iii) an ADR factor that captures common variation associated with stocks that have ADRs; (iv) regional factors for Developed Europe, Emerging
Europe, Developed Americas, Emerging Americas, Developed Asia, Emerging Asia, to capture regional comovement; and (v) factors associated with small cap stocks (a size factor), high book-to-market ratio stocks (value stocks) and high KZ index stocks (financing constrained stocks). In some instances (depending on the sample) regional factors, the size factor, book-tomarket factor and the KZ factor add significantly to the explanatory power of the model: they have higher BICs than our baseline model. However, they do not add significantly to explaining international return variation according to additional variance decomposition results (available upon request). In other words, our model consisting of global, country-and industry-specific shocks provides a parsimonious specification with which to investigate international return comovement.
We consider one final robustness test, which is motivated by recent papers that argue that the relative importance of country versus industry shocks in international returns has been changing over time. 
V Conclusion
The paper presents a methodological contribution, as it estimates a latent factor model that allows for stock-specific exposures to global, country and industry shocks on a large panel of international stock returns. These firm-level exposures capture observed and unobserved heterogeneity across firms. We make the following empirical contributions. First, we quantify the extent to which stock-specific exposures to global, country and industry shocks are important, both statistically and economically. Second, we explore whether exposures to global, country and industry shocks are systematically related to observed characteristics of firms, such as their extent of their international operations, size, book-to-market ratio, and whether they are financially constrained. Finally, we explore whether stock-specific shock exposures can serve as a stock-selection device to construct portfolios that successfully diversify risk. We find that this is the case at the global as well as the country level, both in-and out-of-sample.
Our model can be extended is several ways, including: (i) having regime-switching in the variance of the factors (see Ang and Bekaert 2002) ; (ii) having time variation in the exposures.
We leave these extensions for future research.
Notes 1 Lehmann and Modest (1985) also use the EM algorithm to estimate factor models. Our model extends their work to the case where the restrictions (2) are present.
2 Using U.S. dollar-denominated returns may lump nominal currency movements into the country-specific shocks, potentially biasing up the importance of these shocks in our model. We investigate the magnitude of this bias by using local currency returns instead and find it to be negligible, consistent with Heston and Rouwenhorst (1994) .
3 Griffin and Karolyi (1998) 
6 Recall that in the factor model the variance-covariance matrix of excess returns is a sufficient statistics for the likelihood. Also, at the peak of the likelihood the variance of the idiosyncratic term is by construction such that the model exactly fits the variance of each individual stock. Hence the model that maximizes the BIC is the one that best captures the co-movements among stocks, and does so parsimoniously.
7 The positive association between the global shock exposures and the measures of international activity is consistent with Bodnar et al. (2002) who argue that foreign sales tend to increase a firm's exposure to international shocks. Notes:
The Table describes (4) biased-corrected standard deviations (see formula (9) for bias-correction); (5) difference in exposure of high and low exposure portfolios to the respective shock (computed using the formula 2 St. Dev. (1), (3), and (5) report the OLS coefficients for the cross-sectional regressions where the independent variable is global, country, and industry exposures, respectively. All regressions include country fixed effects. The exposures are measured in percent. Columns (2), (4), and (5) report the associated t-ratios in parentheses, which we compute using robust standard errors (White 1980) . The last row in the table reports for each regression the adjusted and Karolyi (1998), and is equal to one for traded goods industries and zero otherwise. Notes: Column (1) shows the variance of the corresponding benchmark portfolio (B) -that is, the global portfolio for rows 1 through 3, county portfolios for the following twenty-two rows, industry portfolios for the last row. Column (2) shows the variance of the corresponding low exposure portfolio (L). The global low exposure portfolios are considered in rows 1-3 and are constructed as follows (see also text): The low global exposure (LGE) portfolio contains half the stocks in the sample, those with global shock exposures below the median. The global low country exposure (LCE) portfolio also contains half the stocks in the sample, those with country shock exposures below the median for each country. The global low industry exposure (LIE) portfolio contains stocks with industry shock exposures below the median for each industry. The local low exposure portfolios are considered in the remaining rows and are constructed as follows (see also text): For countries, the local low country exposure (LCE) portfolio contains half the stocks in each country, those with country shock exposures below the median. For industries, the local low industry exposure (LIE) portfolio contains half the stocks in each industry, those with industry shock exposures below the median. Column (3) shows the variance reduction (increase, if positive) relative to the corresponding benchmark (
L−B B
). Column (4) shows the variance of the corresponding high exposure portfolio (H). High exposure portfolios are constructed as the mirror image of low exposure portfolios. Column (5) shows the variance increase over the respective benchmark (
H−B B
). Columns (6) Notes: Column (1) shows the mean return for the corresponding benchmark portfolio (B) -that is, the global portfolio for rows 1 through 3, county portfolios for the following twenty-two rows, industry portfolios for the last row. Column (2) shows the mean return of the corresponding low exposure portfolio (L). The global low exposure portfolios are considered in rows 1-3 and are constructed as follows (see also text): The low global exposure (LGE) portfolio contains half the stocks in the sample, those with global shock exposures below the median. The global low country exposure (LCE) portfolio also contains half the stocks in the sample, those with country shock exposures below the median for each country. The global low industry exposure (LIE) portfolio contains stocks with industry shock exposures below the median for each industry. The local low exposure portfolios are considered in the remaining rows and are constructed as follows (see also text): For countries, the local low country exposure (LCE) portfolio contains half the stocks in each country, those with country shock exposures below the median. For industries, the local low industry exposure (LIE) portfolio contains half the stocks in each industry, those with industry shock exposures below the median. Column (3) shows the difference between columns (2) and (1) (L-B) . Column (4) shows the mean return of the corresponding high exposure portfolio (H). High exposure portfolios are constructed as the mirror image of low exposure portfolios. Column (5) shows the difference between columns (4) and (1) (H-B). Columns (6) through (10) are constructed analogously for the in-sample Sharpe Ratios. Columns (11) through (15) 
the factor orthogonality assumption, the variance of the portfolio is:
, where B G is the column of the B matrix corresponding to the global factor, B C c is the column corresponding to the country factor c, and so on. The variance decomposition obtains by dividing the summands in the right hand side of the last equation by the actual (sample) variance of the portfolio. We discuss in the text the fact that the factors may not be ex post orthogonal. 11 % limit − global LCE (1) 13 % limit − global LGE (2) 34 % limit − country benchmark (6) 25 % limit − within countries LCE (4) 27 % limit − industry benchmark (3) Notes: The figure examines the risk reduction properties of the low exposure portfolios using the graphical representation in Heston and Rouwenhorst (1994) and Solnik (1975) . It gives the average portfolio variance as the number of stocks in a given portfolio increases from 1 to 40, expressed as a percentage of the average variance of all individual stocks in our sample. The solid lines in Figure 1 show the diversification benefit associated with the global market portfolio (line 3), the average country portfolio (line 5), and the average industry portfolio (line 6). The dashed lines -lines (1), (2), and (4) -show the diversification benefit associated with the low exposure portfolios. The low global exposure (LGE) portfolio contains half the stocks in the sample, those with global shock exposures below the median (line 2). The global low country exposure (LCE) portfolio also contains half the stocks in the sample, those with country shock exposures below the median for each country (line 1). The country low country exposure (LCE) portfolio contains half the stocks in each country, those with country shock exposures below the median. Line (4) is computed using the equal-weighted average of the variance of country LCE portfolios across countries. is large and restrictions (2) are present, it is convenient to divide the maximization or (A4) with respect to B into N maximizations -equation by equation. In order to see how this can be accomplished, let us note that A4 can be rewritten as (considering the case N = 2 to simplify the notation): equity markets, so that our model delivers meaningful estimates of country-and industry-specific shocks.
We derive our data from Brooks and Del Negro (forthcoming, BD hereafter) who cover monthly total US dollardenominated stock returns and market capitalizations for 9,769 stocks in 42 developed and emerging markets from January This is also true for the balanced data, where financials make up 23 and 24 percent of market capitalization, respectively.
While balancing the original BD data thus clearly reduces coverage, the balanced data still provide a reasonable representation of international stock markets, in terms of the relative importance of countries and industries. 
